Knowledge management (KM) 
Introduction
Knowledge management (KM) facilitates the capture, storage, and dissemination of knowledge using information technology. Methods for managing knowledge have become an important issue in the past few decades, and the KM community has developed a wide range of technologies and applications for both academic research and practical applications [9, 12, 16, 17, 21] . As was advocated by Zadeh [27] , it is evident that almost all concepts in natural languages are almost fuzzy in nature. There are two problems that current KM activities encounter [28, 29] .
 The conventional knowledge representations are limited in dealing with the issues of uncertainty and imprecision.  The lack of the deduction capability makes it difficult to synthesize an answer to a query from bodies of information which reside in various parts of the knowledge base. By comparing first order predicate logic, fuzzy logic and non-monotonic logic as knowledge representation methodology, Yang et al. [26] concluded that fuzzy logic is better for expressing knowledge accurately and dealing with fuzziness in the context of knowledge and inference. Corbett [4] demonstrated that conceptual graphs (CGs) provide the appropriate expressiveness for the task of representing, comparing, merging and interoperating with ontologies. The type hierarchy and the canonical formation rules specialize ontologies into concrete instances by instantiating canonical CGs from the type hierarchy. The merge operation, using join and type subsumption, can be used to perform knowledge conjunction of concepts represented in the ontologies.
In this paper, we propose a FKM (Fuzzy Knowledge Management) approach to modeling fuzzy knowledge, storing fuzzy knowledge, and offering the deduction capability for reasoning about fuzzy knowledge. First, fuzziness is introduced into CGs [22, 23] for constructing fuzzy knowledge models. Fuzzy knowledge models are used to organize and express various types of fuzzy knowledge through fuzzy CGs. Fuzzy inference rules in fuzzy CGs are identified to offer the deduction capability for reasoning about fuzzy knowledge. Second, fuzzy knowledge mo dels can be classified and stored in a hierarchical ontology system. Ontologies serve as the co mmon understanding of fuzzy knowledge and facilitate the finding of specific fuzzy knowledge relevant to a given domain.
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To manage various types of fuzzy knowledge, a FKM approach containing fuzzy knowledge modeling and fuzzy knowledge storing is proposed to manage fuzzy knowledge through knowledge engineering and fuzzy logic. There are several widely used formalisms for representing knowledge, such as frame logics (FLs), description logics (DLs) and conceptual graphs (CGs). A frame logic [13] is a deductive, object-oriented database language that combines the declarative semantics and expressiveness of deductive database languages with the rich data modeling capabilities supported by the object-oriented data model. FLs are powerful in reasoning about and representing knowledge, but the flexible higher-order syntax may lead to problems of stratification [8] . Description logics [3] and conceptual graphs [22] are both descended from semantic networks and are based on first-order logic. Both formalisms are subsumption-centered and dedicated to the representation of terminological knowledge and assertional knowledge. There are many correspondences between DLs and CGs [6, 20] . Ontologies in RDF schemas can also be translated into CGs automatically [5, 11] . In the FKM system, we extend CGs by using fuzzy logic to deal with uncertain and imprecise knowledge. CGs are adopted as the knowledge representation formalism for several reasons. First, the graphical representation of CGs assists users in understanding knowledge, making it easier for users to construct and manipulate knowledge. Second, the expressive power of CGs at the assertional level and the mappings from natural language to CGs are beneficial to the modeling of assertional knowledge. Third, CGs do not suffer the problem of explaining subsumption found in DLs [18] , because the graph operations in CGs make it easier to explain the subsumption computation step by step. Fourth, CGs use the same reasoning mechanisms for types as for individuals, that is, we can use types as objects. DLs make a clear separation between object classes and data types, and to describe the relation between a class and an object is rather difficult [2, 4] .
Fuzzy Knowledge Modeling
Fuzziness is introduced into conceptual graphs for constructing fuzzy knowledge models. Fuzzy knowledge models are used to organize and express various types of fuzzy knowledge through fuzzy CGs. A conceptual graph [22] is a directed, finite, connected graph and consists of concepts, referents, and conceptual relations. Concepts and relations represent declarative knowledge. Procedural knowledge can be attached through actors. Actors represent processes that can change the referents of their output concepts, based on their input concepts. A type hierarchy can be used to specify the taxonomy of concepts and relations. Concepts are represented in square brackets, relations in parentheses, and actors in angle brackets. Both a relation node and an actor node contain a type label only. A concept node contains a type label and a referent field. The referent field describes the concept instance, which may be an individual identifier, a constant, a variable, sets, or the generic marker "*". Each concept and relation type has a canonical graph and a type definition. The canonical graph specifies the selectional constraints for that type. A type definition represents the necessary and sufficient conditions for a type. A context is represented by a concept graph with a set of conceptual graphs as referents. A schema specifies defaults, expectations, and other background knowledge. New graphs can be derived from old canonical graphs by graph formation rules of copy, restrict, join, and simplify. Delugach has extended conceptual graphs to include a new type of node, demons (in double angle brackets), to cause creation and retraction of input and output concepts [7] . A demon's algorithm causes each of its actual output concepts with referents to be asserted, while each of its actual input concepts is to be retracted. If there is more than one input concept, no demon action occurs until all of its input concepts have been asserted.
To introduce fuzziness into CGs, we utilize (1) the degree of conformity between a Concept and its Referent (i.e., an instance) to express perceptual fuzziness, (2) the imprecision measurement on quantifiers of attributes to express intrinsic fuzziness and linguistic fuzziness, (3) the uncertainty measurement on Context and Situation to express propositional fuzziness, (4) the uncertainty Journal of Convergence Information Technology Volume 5, Number 3, May 2010 measurement on Actor, Situation, and Constraint to express informational fuzziness, (5) the uncertainty measurement on Relation to express relational fuzziness, (6) the imprecision measurement on the Measure of Concept to express cardinality fuzziness, (7) the degree of inclusion between Concept types to express generalization-specialization fuzziness, and (8) the uncertainty measurement on the state transition of Demon to express behavioral fuzziness.
Knowledge researchers have identified many basic knowledge elements such as objects, relations, structures, context, situation, constraints, functions, and behavior [1, 19] . Hence, the fuzzy knowledge model should capture all the basic knowledge elements.
, where x is an instance of T and U stands for universe of discourse. Therefore, a fuzzy concept can be represented by: The fuzzy measurement of attributes of concepts can be performed on the quantifiers of attributes. The example "IBM x3800 is very heavy" could be represented as the fuzzy CGs: Where the certainty factor of the relation is 0.8.
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Lien-Fu Lai, Liang-Tsung Huang, Chao-Chin Wu, Shi-Shan Chen Fuzziness in Structure. Two types of structures should be modeled: assembly structures and classification structures. Assembly structures can be expressed by combining a set of fuzzy concepts and fuzzy relations. The example "The properties of a high-level LCD monitor include large screen size, high display resolution, high contrast ratio, high brightness, fast response time, and large viewing angle" could be represented as the fuzzy CGs:
Fuzzy classification can improve the classification performance [24, 25] . We use the type hierarchy in fuzzy CGs to represent classification structures. The degree of inclusion between concept types is utilized to express generalization-specialization fuzziness. Figure 1 is a part of the type hierarchy, and it means that the degree of inclusion between Fast -Access-StorageDevice and Hard-Disc is 0.9. Fuzzy Constraint. A fuzzy constraint can be represented by a fuzzy context with the type Constraint, which may constrain a fuzzy situation through an actor. We use the <constrain> actor to represent the limitation relation between a fuzzy situation and a fuzzy constraint. The certainty factor (CF) is used to represent the confidence level in the limitation relation. When a fuzzy situation needs a lot of information to capture its semantics, it can be constrained by several fuzzy constraints to represent the informational fuzziness. In the example of Figure 2 , a fuzzy situation "The performance of a CPU is good" needs to satisfy three fuzzy constraints: (1) "The L2 Cache of the CPU is large" with CF=0.9, (2) "The external clock of the CPU is high" with CF=0.8, and (3) "The clock speed of the CPU is high" with CF=0.9.
Figure 2. An example of fuzzy constraints
Fuzziness in Function and Behavior. A function can be characterized by its behavior, which consists of a sequence of state transitions. To model behavior in fuzzy CGs, we adopt the notion of demons to represent state transitions. A demon asserts each of its output concepts with referents and retracts each of its input concepts. If more than one input concept exists, no demon action occurs until all the demon's input concepts have been asserted. The demon between situations can be fuzzified by a certainty factor (CF) to represent the confidence level for the state transition. In the example of Figure 3 , the copy function of DVD recorders is described: If you want to copy the source DVD-disc to the target DVD-disc, you must insert the source into DVD-ROM and the target into DVD-R/RW first. If you directly press the start button, the state would transfer to the ready-to-copy situation. After a long beep event occurs, the state would transfer to the start-to-copy situation. If you do not press the start button and wait for the occurrence of five continuous short beeps from the speaker, the state would still transfer to the start-to-copy situation. After the two continuous long beeps event occurs, the copy function is done. If there are three continuous short beeps from the speaker, with probability 50% (CF=0.5) the source DVD-disc can't be read and with probability 50% (CF=0.5) the target DVD-disc can't be read. If the DVD-disc can't be read, with probability 80% (CF=0.
we need to change the DVD-disc and with probability 20% (CF=0.2) we only need to reload the DVD-disc. 
Fuzzy Knowledge Storage
To deduce fuzzy knowledge models automatically, we have selected FuzzyCLIPS [4] as our target language. FuzzyCLIPS is developed by National Research Council of Canada (NRC) to extend CLIPS to the capability of handling fuzzy concepts and fuzzy reasoning. The basic components of FuzzyCLIPS include fact lists containing the data on which inferences can be performed, knowledge bases with all the rules, and an inference engine to control the execution. FuzzyCLIPS utilizes fuzzy sets to deal with imprecision in approximate reasoning, and certainty factors to deal with the uncertainty. In the FKM system, whenever a fuzzy knowledge model has been constructed or updated, all knowledge elements in the fuzzy knowledge model will be translated into their counterparts in FuzzyCLIPS automatically. We have defined a set of deftemplate constructs that can be mapped in one-to-one correspondence to primitives in fuzzy CGs:
(deftemplate concept (slot type) (slot referent) (slot measure) (slot context) (slot domain) (slot id)) (deftemplate relation (slot type) (slot from) (slot to) (slot CF) (slot context) (slot domain) (slot id)) (deftemplate context (slot type) (slot CF) (slot context) (slot domain) (slot id) (slot measure)) (deftemplate actor (slot type) (slot from) (slot to) (slot CF) (slot context) (slot domain) (slot id)) (deftemplate demon (slot type) (slot from) (slot to) (slot CF) (slot context) (slot domain) (slot id)) (deftemplate type-h (slot super) (slot sub) (slot relation) (slot domain)) (deftemplate relation-h (slot super) (slot sub) (slot comformance) (slot domain)) (deftemplate referent (slot concept-type) (multislot member) (multislot degree)) Journal of Convergence Information Technology Volume 5, Number 3, May 2010
Domain dependency is an important character of knowledge: the meaning of a concept may be different in different domains. For classifying fuzzy knowledge and reducing complexity, we propose a hierarchical ontology system to organize and store fuzzy knowledge models (see Figure 4) . Fuzzy knowledge models are classified according to their corresponding domains. Each domain has its own fuzzy knowledge model with ontology, and is located in the hierarchical ontology system. Therefore, the meaning of a fuzzy concept can be different in different domains, i.e., the fuzzy concept definition can be different in different ontologies. By retrieving the appropriate domain in the hierarchy, the search space can be reduced and the stored fuzzy knowledge can be reused. To reduce the complexity of the search space, we use an inheritance mechanism and the defmodule construct in FuzzyCLIPS to implement the loading of domains while deducing fuzzy knowledge. The inheritance mechanism implements sub-domain (i.e., specialization) conformity to its super-domain (i.e., generalization). A sub-domain can inherit fuzzy knowledge models with ontologies from its super-domain, add new fuzzy knowledge specific to the sub-domain itself, and override (i.e., redefine) terms in the super-domain with appropriate term definitions. Hence, general fuzzy knowledge is described in a higher-level domain, and a lower-level domain can reuse it and add some specific fuzzy knowledge. The defmodule construct provides the partition of rules when FuzzyCLIPS executes.
When creating a new domain using the FKM system shown in Figure 4 , we can choose an appropriate domain to reuse (i.e., a super-domain to inherit). To assist in constructing and updating fuzzy knowledge models, a type search tool can be exploited to show existing types with their type definitions and the type hierarchy.
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In this paper, we propose a FKM approach to modeling fuzzy knowledge, storing fuzzy knowledge, and offering the deduction capability for reasoning about fuzzy knowledge. The advantages of the proposed approach are as follows.
 Incorporating fuzziness into CGs to represent knowledge helps in capturing richer semantics than that of conventional CGs. Fuzzy set theory provides an effective conceptual framework to deal with imprecision and uncertainty in which conventional one has difficulty expressing.  Expressing various types of fuzzy knowledge in a unified fuzzy CGs, which is helpful in organizing and integrating fuzzy knowledge. By translating fuzzy CGs formalisms into FuzzyCLIPS, fuzzy knowledge models can be manipulated to answer fuzzy knowledge queries automatically.
For our future research, we plan to develop a fuzzy knowledge querying mechanism to enhance the dissemination of fuzzy knowledge, and a fuzzy knowledge updating mechanism to modify the knowledge storage to reflect users' needs. To improve the performance of the proposed approach, parallelizing the execution of the FKM system in grid and cluster environments might shorten the execution time through reducing the search space of the FuzzyCLIPS inference engine.
